Conservation of biodiversity and natural resources in a changing climate requires understanding what controls ecosystem resilience to disturbance. This understanding is especially important in the fire-prone Mediterranean systems of the world. The fire frequency in these systems is sensitive to climate, and recent climate change has resulted in more frequent fires over the last few decades. However, the sensitivity of postfire recovery and biomass/fuel load accumulation to climate is less well understood than fire frequency despite its importance in driving the fire regime. In this study, we develop a hierarchical statistical framework to model postfire ecosystem recovery using satellite-derived observations of vegetation as a function of stand age, topography, and climate. In the Cape Floristic Region (CFR) of South Africa, a fire-prone biodiversity hotspot, we found strong postfire recovery gradients associated with climate resulting in faster recovery in regions with higher soil fertility, minimum July (winter) temperature, and mean January (summer) precipitation. Projections using an ensemble of 11 downscaled Coupled Model Intercomparison Project Phase 5 (CMIP5) general circulation models (GCMs) suggest that warmer winter temperatures in 2080-2100 will encourage faster postfire recovery across the region, which could further increase fire frequency due to faster fuel accumulation. However, some models project decreasing precipitation in the western CFR, which would slow recovery rates there, likely reducing fire frequency through lack of fuel and potentially driving local biome shifts from fynbos shrubland to nonburning semidesert vegetation. This simple yet powerful approach to making inferences from large, remotely sensed datasets has potential for wide application to modeling ecosystem resilience in disturbance-prone ecosystems globally.
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hierarchical Bayesian | ecology | fire | climate | remote sensing I n many ecosystems, climate change will exert its most powerful impacts via disturbance, such as outbreaks of forest pests (1), species invasions (2), and fire (3) . A key feature of ecosystems' response to disturbance is the recovery time, the time required for the ecosystem to return to a state similar to its state before disturbance [called "engineering resilience" by Peterson et al. (4) ]. Rapid recovery from disturbance is associated with high resilience-that is, the ability of the system to return reliably to its previous state (5) . Slow recovery can signal an approaching catastrophic jump to an alternative state (6) or, given frequent disturbance, chronically lower function (7) .
Fire is one of the most widespread and important forms of disturbance globally, occurring as an important feature in more than 50% of the world's terrestrial ecosystems (8) . However, the risk of climate change is difficult to assess because fires are not well represented in global ecosystem models (9) . There is growing evidence of increased fire frequency, severity, and/or size in many regions, due in large part to warming and incidence of drought (3, (10) (11) (12) (13) . In many regions of the world and especially Mediterranean climate systems, the frequency and severity of wildfire is expected to continue to increase in the coming decades due to warmer and drier weather conditions (14, 15) , although some areas may actually see a decrease in frequency due to slower fuel accumulation (16) . Accordingly, resilience to disturbance by fire will strongly influence the response of these regions to climate change and is central to management; in the western United States, South Africa, and elsewhere, postfire resilience is a focus of land management agencies (9) .
Despite the critical role of resilience to disturbance (and especially to fire) in the response of ecosystems to climate change, few studies have attempted to quantify and predict patterns of resilience or to understand the climatic controls on postfire recovery across a biome. Equally importantly, there has been virtually no research at large scales most relevant to ecosystem regime shifts and management (17) . The key reasons are logistical: it is difficult to measure postdisturbance recovery over relevant time frames (years to decades) and spatial scales (10s to 1,000s of square kilometers).
The necessary data and tools are now, however, available. We have multidecadal, continuous global measurements from satellites including Moderate Resolution Imaging Spectroradiometer (MODIS) and LANDSAT that can be used to measure key ecosystem properties through time (18) . High-resolution historical weather data are also now increasingly available (19, 20) , as are decades of spatially detailed fire records (3, 10) . In this paper, we develop a relatively simple yet powerful computational approach to make regional-scale inferences and predictions of ecosystem resilience in response to projected climate change. By incorporating millions of pixels from satellite imagery over the last 15 y, for the first time to our knowledge, it is possible to quantify broad-scale patterns in ecosystem recovery and identify regional climatic gradients in postfire ecosystem
Significance
The rate at which ecosystems recover from disturbance can greatly influence their resilience to environmental change. We used more than a decade of satellite data to model how the extraordinarily biodiverse shrublands of South Africa recover following fire and how recovery rates vary with temperature and precipitation across the region. We found that climate strongly affects how quickly plant communities can recover after fire. We also used global climate models to project ecosystem recovery into the future and found that warmer winter temperatures will likely speed up postfire recovery unless precipitation declines as temperature increases (as some models project).
dynamics. With relatively simple parametric models fit in a hierarchical Bayesian (HB) framework, we can use large environmental datasets to explain these patterns in terms of climatic variation and predict the effects of climate change on postfire resilience.
Remotely sensed vegetation indices have a long tradition in vegetation monitoring (21) (22) (23) (24) (25) . Remotely sensed data are commonly used to assess various attributes of wildfires including locations of active fires, fire severity, and identification of burned areas (see ref. 26 for an excellent review of various tools and metrics). The majority of these studies use remotely sensed data to monitor fire characteristics rather than postfire recovery. Even fewer studies have attempted to use biophysical data to model postdisturbance recovery rates. For example, Röder et al. (27) used 20 LANDSAT scenes to assess postfire recovery in Spain with simple linear regression to quantify the increase in vegetation cover as a function of time since fire. However, no attempt was made to quantitatively estimate the relationship between explanatory variables or construct a predictive model. In another study, Schroeder, et al. (28) classified forest regrowth into four categories (little to no, slow, moderate, and fast) using field data and then used LANDSAT imagery and a regression tree approach to identify environmental covariates of the recovery rates. However, this method required all pixels to be binned into the four classes before analysis and was capable only of making coarse categorical predictions for a fixed time period. Other similar studies have used various methods to quantify recovery, including objectbased image analysis (29) , linear regression (30, 31) , spatially binning regions and comparing with unburned areas (32) , and lognormal regression (33) , but none of these methods were able to incorporate environmental covariates directly into the postfire recovery model or make quantitative recovery predictions.
In this study, we develop an HB model that uses climate and topographical parameters to predict postfire biomass accumulation across the fynbos (Mediterranean shrubland) biome (34) in the Cape Floristic Region (CFR) of South Africa (Fig. S1 ). The CFR alone has over nine thousand vascular plant species, two-thirds of which are endemic to the region (representing nearly half of the 20,000 vascular plant species in all of southern Africa) and is one of the most biodiverse regions globally (35) . The extraordinary biodiversity and speciation rates in combination with the large proportion of transformed habitats have led to the region's high conservation priority (36) . Fire, which has a typical return time of 10-13 y in the system (37) , is recognized as one of the most important factors in developing and maintaining such extraordinary biodiversity (38) , and therefore, it is critical that we understand the climatic controls on the fire regime and postfire recovery in this system.
Our approach draws on detailed fire history records from the region, a 10-y archive of biweekly MODIS satellite imagery, highresolution climate and topographical data (Fig. S2) , and a hierarchical model. In fynbos, there is a strong relationship between biomass and the Normalized Difference Vegetation Index (NDVI) (39), so despite its low spectral resolution compared with modern hyperspectral sensors, for long-term continuous monitoring of large spatial domains, it remains extremely useful. The model was evaluated using 25% holdout cross-validation and comparison with a 40-y history of observed fire events. We also used an ensemble of 11 Coupled Model Intercomparison Project Phase 5 (CMIP5) general circulation models downscaled to the region to predict future change in postfire recovery rates.
Results
The full model, which included climate, topography, and soil, had a lower deviance information criterion score (DIC; mean deviance: 3,104,349; effective number of parameters pD: 14,608; DIC: 3,089,741) compared with a model with only topography and soil (mean deviance: 3,136,752; pD: 15,656; DIC: 3,121,097, Δ DIC = 31,356), indicating extremely strong support (40) for the hypothesis that climate is a key predictor of the postfire NDVI trajectory in this system (model code available in Dataset S1). The mean predicted and observed NDVI values for four fires across the region illustrate how the model is able to capture the spatial variability observed in postfire NDVI ( Fig. 1 ; locations shown in Fig. S1 ). To assess the predictive performance across different post fire ages, the R 2 between the predicted and observed median annual values were calculated for various ages (e.g., 0-2 y, 1-3 y, etc.) for every location and time step in the validation dataset. The model can predict approximately half (R 2 = 0.47) of the variation in NDVI between 2 and 10 y following fire (which decreases slightly in older areas; Fig. S3 ). Furthermore, there is strong support [Δ Akaike information criterion (AIC) = 229] for a relationship between the estimated recovery time and observed fire return intervals in this system (SI Materials and Methods), suggesting that recovery time can be used to estimate mean fire return intervals given environmental conditions. Spatial Variability in Postfire Recovery. Estimated recovery times ranged from < 5 to > 25 y, depending on the environmental conditions (Fig. 2) . The regression coefficients shown in Table S1 represent the association between each predictor (climate, topography, and soil) and the recovery parameters. Previous work has shown that satellite derived NDVI is significantly correlated with biomass in fynbos (39) , so these parameters can be used to infer how climate affects various aspects of postfire biomass accumulation across the region. The γ parameter, which represents the maximum increase in NDVI from the initial postfire value (α) to the asymptotic value (α + γ), is positively correlated with mean January (midsummer) rainfall and minimum temperatures in July (midwinter). In contrast, γ is negatively correlated with maximum January temperature. These relationships suggest that the potential maximum NDVI (and, therefore, maximum biomass) is sensitive to the temperature and precipitation extremes in the region, with less biomass accumulation in parts of the region with hot, dry summers (Fig. 2) . Furthermore, NDVI increase (γ) is also positively associated (Table S1 ) and environmental data for each validation pixel as specified in the model and not fit directly to the observed data plotted here.
with fine soil texture which has an important influence on soil nutrients, water holding capacity, and plant water availability (41) (42) (43) (44) . The recovery rate (λ; which indicates more rapid recovery with smaller values) was sensitive to midsummer precipitation and precipitation concentration but not mean annual precipitation (Table  S1 ). This result suggests that the growth of young and recovering plants through the first few years following fire is limited by warm season moisture availability, as has been observed in detailed studies of individual plants (43, 45, 46) and population level analyses (47) . The association with summer precipitation may also be driven by increased seedling mortality in drier microsites as observed by Midgley (45) or alternatively by differences in species composition and community functional traits across the gradient in recovery time. For example, there is some evidence for higher frequency of resprouting shrubs in wetter areas (48) , which could lead to faster postfire recovery of biomass observed from satellite. Recovery rate (λ) is also strongly associated with soil fertility, with faster recovery occurring in more nutrient-rich soils (Table S1 ).
The potential maximum NDVI (γ + α) and recovery rate (λ) have similar (but inverted) spatial patterns indicating lower peak NDVI values and slower recovery (larger λ) in interior arid regions (e.g., Cederberg and Waterval) compared with wetter areas along the coast and in the eastern portion of the region with aseasonal rainfall (e.g., de Hoop and Baviaanskloof; Figs. 1 and 2) . The spatial pattern of maximum NDVI (γ + α) shows the overall effect of elevation is less pronounced than the coastal-interior gradient (Fig. 2) . The most arid parts of the region (near 20°E, 33°S) have estimated maximum NDVI (γ + α) values near 0.4, indicating that the aridity limits biomass below the levels found in wetter areas.
The seasonal amplitude (A) is negatively associated with elevation, slope, and mean January (midsummer) precipitation, but positively associated with soil acidity, maximum January temperature, and mean annual precipitation (Table S1 ). The seasonality of precipitation (SI Materials and Methods) is also an important influence on A, with less seasonal variability in parts of the region with more seasonal concentration of rainfall. The counter intuitive relationship is likely driven by differences in species composition and functional traits across the region. The most important traits that would lead to a seasonal variation in NDVI are deciduous leaves or an annual life cycle, which are more common in parts of the region with aseasonal rainfall (primarily in the east) (49) . Model output including maps of λ, γ, A, and the recovery time are available at dx.doi.org/10.6084/m9.figshare.1420575.
Climate Projections. The climate models forecast that the region will consistently warm in the coming century but precipitation is much less certain, reflecting the climatological complexity in precipitation across the region. For example, the 2081-2100 RCP8.5 changes (multimodel regional mean± SD) for January maximum temperature (3.67 ± 1.07 °C), and July temperature (3.24 ± 0.95 °C) are relatively smooth across the region, with higher values in the inland regions (Fig. S4) . However, the predictions for mean annual precipitation (−17.36 ± 33.76 mm), mean January precipitation (0.16 ± 5.93 mm), and precipitation seasonality (−0.53 ± 4.47) have large spatial and intermodel variability (Fig. S4) . In general, the western part of the region is likely to experience decreased mean annual and January precipitation, whereas there may be an increase in winter rainfall in the east.
Multimodel mean projections of postfire recovery time show little change (−1.34 ± 1.41 y), but predictions vary widely between models and across the region (Fig. 3) . Overall, most show decreasing (faster) recovery time driven primarily by warmer winter temperatures (Fig. S5) . However, precipitation is paramount in this system and the high uncertainty in projected precipitation change for this region translates to large intermodel variability even in the sign of the projected postfire recovery rates. Some models (e.g., MIROC5, GFDL-ESM2M) show regional gradients with slowing recovery in the west (driven by decreased precipitation) and faster recovery in the east, while others (e.g., FGOALSs2) result in faster recovery times (−3.18 ± 1.76 y) across the region by as much as −12.4 y (Fig. 3) .
Discussion
Much of the focus in the remote sensing literature has been on mapping and monitoring ecosystem patterns (50-52) rather than understanding ecosystem processes and building predictive models of spatiotemporal dynamics (53) . In this study, we used millions of Fig. S1 shows the pixels used in model fitting and validation. Note that maximum NDVI is the modeled asymptotic maximum predicted due to the climate, topography, and soil across the region. Predictions were made for all areas in the fynbos biome including those currently transformed (e.g., for agriculture), whereas white areas are outside the fynbos biome. satellite observations collected over the last two decades to identify recovery gradients in postfire ecosystem dynamics. By breaking ecosystem recovery into distinct but complementary components and quantifying the role of climate, soil, and other topographical variables, we also gain the ability to forecast how the ecosystem may respond to future climate change. Despite its relative simplicity and ease of interpretation, the model performed well in cross-validation, explaining ≈ 50% of the variation in the held-out data. We found that postfire recovery rate varies dramatically across the region and is significantly associated with climatic gradients (Table S1 ). Additionally, we found that the estimated postfire recovery times were a useful predictor of fire return intervals using a separate survival analysis (SI Materials and Methods and Fig. 4) . Recovery time ranges from only a few years on the warmer mesic coast to more than three decades in the arid interior where fynbos shrubland transitions into desert vegetation (Fig. 2) . Eastern coastal regions have the shortest recovery times despite accumulating more biomass (large γ) due to fast recovery rates (λ < 2). In contrast, vegetation in the more arid west requires decades to recover to prefire conditions even though the maximum NDVI tends to be smaller (γ + α ≤ 0.45).
Warmer winter temperatures in the future are expected to accelerate postfire recovery across the region, which could further increase fire frequency due to faster fuel accumulation ( Fig. 3 and Fig. S5 ). Warmer conditions are known to increase short-term fire risk in the region (10) , but the impact of climate change on fuel load accumulation rates had not been previously quantified. This knowledge gap is important, because climate affects fire regimes through its influence on fuel loads as well as burning conditions. This study is limited to recovery of ecosystem-level aboveground biomass, which cannot account for changes in functional or phylogenetic community structure. There are likely to be additional ecological impacts of shorter fire return times according to the regeneration strategies and dispersal capabilities of the constituent species (54, 55) . For example, some fynbos species require up to 10 y following fire before successfully reproducing (56) , which in combination with more frequent fires leads to the aptly named interval squeeze (57) . More frequent fires encouraged by both high-risk weather (10) and faster postfire biomass accumulation could lead to significant shifts in community composition by eliminating long-lived, nonsprouting shrubs (as observed experimentally) (58) .
However, moisture availability is extremely important in this region and the climate models exhibit large variability in projected precipitation (Fig. S4) . Several climate models project a decrease in precipitation in the western CFR, which would lead to slower recovery rates there and faster recovery in the eastern part of the region (e.g., MIROC5 in Fig. 3 ). This outcome would likely lead to reduced fire frequency in the west due to lack of fuel despite higher temperatures and more frequent high-risk fire weather and could lead to a biome conversion from fynbos to semidesert vegetation in strongly affected areas.
Understanding the spatiotemporal variability of the fire regime and ecosystem resilience is critical to successfully manage and conserve floral biodiversity in this system. For example, land managers in the region currently attempt to maintain intervals between fires long enough for ≥ 50% of the "individuals in a population of the slowest-maturing of the obligate reseeding species to have flowered and developed seed for at least three successive seasons" (59, 60) . In combination with field observations, this modeling framework could be further developed to account for the phylogenetic and functional composition of plant communities to give a more comprehensive perspective on the relationship between climate and ecological resilience in this system. ) and the satellite-derived estimated recovery times described in this study (Fig. 2) . This relationship corroborates the utility of the satellite-derived recovery times as a useful proxy for fire return intervals in this system. Colors indicate the cumulative probability of observing a given fire return interval (y axis) given the satellite-derived postfire recovery time estimated in this study (x axis).
digital elevation model (DEM) from the ASTER project (asterweb.jpl.nasa. gov/gdem.asp) and aggregated to the 500-m grid. Fire occurrence data include fire boundaries mapped by reserve managers extending back to the 1950s (10) and the remotely sensed burned area product derived from the MODIS satellite sensor. The historical burned area polygons were then used to resolve the postfire age of each pixel in each time step during the MODIS era, with postfire ages ranging from 0 to 59 y. This, in combination with the climate data described above, allowed us to extract the multidecadal climate signal from a single decade of satellite observations. For example, imagine we know from the field data that a pixel burned in both 1980 and 2008. The NDVI observations for that pixel (which are limited to post-2000 MODIS) would start at postfire age 20, continue to 28, and then reset back to age zero (due to the fire in 2008) and increase again until the end of the record. By comparing these postfire trajectories with climate rather than weather, we can arrange the data in terms of age rather than date and have a record of recovery extending back decades before the satellite data are available.
Locations with no NDVI observations from the first 3 y, or with fewer than 3 y of data, were removed resulting in ≈ 16,700 pixels across the region, each with 225 bimonthly observations of NDVI through time (totaling ≈ 3. . This approach accomplishes several tasks in a single coherent framework. For learning about environmental controls on resilience, the parameters of primary interest are the regression coefficients between the environment and the three recovery function parameters. The model provides full posterior distributions for all model parameters and avoids complications introduced by stringing together several disparate models in an ad hoc fashion (e.g., one model to describe the postfire trajectory of NDVI through time and another to relate the trajectories to environmental variables). This approach ensures that uncertainty inherent in each level of the model is propagated through to the posterior distributions (62) . The postfire NDVI trajectory is approximated by an exponential function that increases to an asymptote similar to the curve described by Dìaz-Delgado and Pons (63) . We extended this function by adding (i) a sinusoidal component to capture the seasonality, (ii) a term (ϕ) to adjust the curve for month of fire, and (iii) a term (α) that allows spatial variation in NDVI immediately following fire (Eq. 3). Let i ∈ 1 : I index space (I ≈ 16,700), t ∈ 1 : T index time (2000-2010 with 225 16-d intervals), m ∈ 1 : 12 indicates the month of the previous fire, and p ∈ 1 : P index the environmental covariates including an intercept.
The spatial recovery parameters (α, γ, λ, and A) are assumed to be constant for each location (i) and do not vary through time (although the model could be extended to include time-varying parameters). The terms of this equation can be interpreted as follows: α represents the initial postfire NDVI. Because various regions have different postfire reflectance (due to soil, topography, and other factors), this term accounts for this spatial variability in the observed NDVI immediately postfire. See ref. 64 for discussion on the impact of different soil types across the region on remotely sensed data. The γ + α term defines the asymptotic upper limit of the curve and thus represents the potential maximum NDVI of the pixel (given enough time to recover after fire). The parameter λ is the exponential term that describes the recovery rate, A describes the amplitude of the sine wave and reflects the magnitude of the seasonality in that location, and ϕ adjusts for month-of-fire (m). The month-of-fire must be taken into account because the fires occurred throughout the year, so age 0 can occur at any phase of the seasonal cycle. Using m − 1 fixes January at ϕ and allows the subsequent months to increase by π=6. The term 2π × age i,t sets the seasonal frequency to be one year. Fig. 1 provides an example fit of this function to observed data. The P environmental variables (soil, climate, topography, etc.; Fig. S2 ) are used to explain the variation in the spatial recovery parameters γ i , λ i , and A i . These parameters are fit as independent variables in multivariate regressions with the matrix of environmental variables X, an I × P matrix with β γ , β λ , and β A as vectors of length P ξ i ∼ lnN X i β ξ , 1 τ ξ ξ ∈ fγ, λ, Ag; i ∈ 1 : I.
[4]
The NDVI immediately after fire can vary due to soil reflectance, exposed bedrock, and other factors that are not easily explained using climate or topography. Our uncertainty in the value of this parameter was represented in the model with a relatively vague prior on the α term μ α ∼ N ð0.15, 10Þ, [5] τ α ∼ Γð0.01, 0.01Þ.
[6]
The priors on each of the regression terms (β and τ) were selected to be sufficiently noninformative to let the data drive the posterior distributions β ξ,p ∼ N ð0,10Þ τ ξ ∼ Γð0.01, 0.01Þ ' ξ ∈ fγ, λ, Ag; p ∈ 1 : P, [7] α i ∼ N μ α , 1 τ α i ∈ 1 : I, [8] ϕ ∼ Uniformð−π, πÞ.
[9]
The parameters can be used to estimate the postfire recovery time (RT) by calculating the time until the predicted curve approaches γ + α (33). This process is sensitive to the threshold (especially for larger values of λ which increase gradually to the asymptote) but serves as a useful relative metric to compare the recovery trajectories across the region. Here we define RT to be when the exponential component of the model equals γ − 0.005. Therefore, solving γ i ð1 − e −agei,t =λi Þ = γ − 0.005 for age, we have
[10]
